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Evolutionary computingCrowds can generate ideas by searching for new designs. A model for such crowd-based search is proposed
consisting of three major forces: the problem domain, the actors, and the process. One particular process that
can perform such search is that described by human based genetic algorithms, in which crowds are responsible
for creating, modifying, and combining designs. This study looks at one aspect of the process: the alternative
generation algorithm. Three systems were built that performed greenﬁeld, modiﬁcation and combination-
based alternative generation. These were compared in an experiment involving 2220 participants who played
different roles in creating and evaluating advertisements. The results favor themodiﬁcation system. This suggests
for domains like advertising, crowd-based design systems should encourage a series of modiﬁcations of initial
ideas. For designers of other crowd-based systems in other problem domains, this study suggests that both
modiﬁcation and combination processes should be tested and their ratio of use adjusted according to the results
obtained, much as the ratio of mutation and crossover are adjusted in genetic algorithms.
© 2014 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/3.0/).1. Introduction
Facilitated by advances in web-related technologies, crowdsourcing
has become a new technique for practicing open innovation [e.g., 2,16,
18,45,56,63,64,94]. Crowdsourcing is a form of search [2], in which
many individuals, with diverse experiences, simultaneously explore a
problem space for novel and practical solutions [48,62,67,75]. Although
crowdsourcing is new, the concept of search has a long history in the
management literature, and is based on an analogywith evolution: com-
panies search for new products or services in a competitive landscape.
Their success or failure will depend on their ability to ﬁnd new ideas
and reﬁne existing ideas, to explore and exploit [20,22,66,67,80,81].
The current work focuses on examining how processes should be
designed to improve the effective generation of ideas by crowds, build-
ing on past research that identiﬁed when crowdsourcing is likely to be
useful [2]. One contribution of the present work is a model for crowd-
based search. A second contribution is the description of a set of systems
that can be used to perform this search. The evolutionary theory of
product development as a search through a ﬁtness landscape has been
instantiated as a set of systems, a set of repeatable processes that cankerson@stevens.edu
t@stevens.edu (Y. Sakamoto),
. This is an open access article underbe measured, compared, and augmented. These systems constitute a
practical contribution, in that they can be used to organize thousands
of people to generate ideas. They are also useful as an experimental ap-
paratus, allowing different kinds of crowd-based search to be compared.
We illustrate the theoretical value of these systems by performing
an experiment in which three alternative generation systems are
compared.
Speciﬁcally, these systems are based on genetic algorithms, a
machine-based implementation of evolutionary processes often used
to explore design space in the decision support literature [3,9,54,59,
68]. These algorithms are adapted by substituting human cognitive pro-
cessing for computer processing [52]. While machine-based algorithms
are suited for problems that can be readily formalized, human-based
algorithms can address alternative generation and other informal,
ill-deﬁned, or wicked problems that are hard to formalize.
These human-based genetic algorithms were implemented using a
crowdsourcing platform. In particular, three crowd-based systems
were designed to generate advertisements for a Facebook application.
In one system, initial ideas were fed into human based genetic algo-
rithms, in which each new idea was produced through themodiﬁcation
of a single idea, akin to the genetic operator of mutation. The second
system was built identically to the ﬁrst except that new ideas were
generated through the combination of two ideas, akin to the genetic
operator of crossover. In the third system, new ideas were generated
from scratch. The ideas generated via these three crowd-based systemsthe CC BY license (http://creativecommons.org/licenses/by/3.0/).
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advertisements: divergence, effectiveness, and relevance.
The remainder of this paper is structured as follows. First, a model
for crowd-based search is presented. Then, theories of genetic
algorithms are introduced, and evidence from creativity research
reviewed in order to form hypotheses about the relative merits of the
three systems of alternative generation. These hypotheses are tested,
and the results discussed.
2. Background
2.1. A model of crowd-based search
Suppose a company wanted to generate a set of ideas with certain
qualities. For example, designers may want to generate a range
of ideas that fulﬁll certain constraints of a problem, and in particular,
designers will search for solutions that are both original and practical.
Three forces determine these qualities, as illustrated in Fig. 1.
The ﬁrst force is the problem domain: the kind of design problem
will have an effect on the types of ideas generated [2]. Creative thinking
is domain speciﬁc [7,82]. For example, empirical evidence shows that
individuals’ ideas vary signiﬁcantly on the creativity dimension
depending upon their ﬁeld [4]. Similar results have been obtained
when particular problem spaces have been studied [51]. For example,
Baer [8] found that training in task speciﬁc skills only increases creative
performance on the tasks related to the training. In other words, some-
one who learns how to write highly original software does not at the
same time learn how towrite a highly original novel – the creative skills
do not carry over into different domains. In addition, design methods
can also be domain-speciﬁc. For example, the creativity template ap-
proach is an effective tool in generating ads, but not in creating art [38].
The second force is the set of actors involved, the crowd. The charac-
teristics of the crowd, including their individual experiences, will affect
the eventual ideas. Speciﬁcally, crowd members that differ in their
depth of domain knowledge will self-select different problems and pro-
vide different solutions [2,5]. For example, given a problem of designing
amobile app, an Odesk crowd assembled for their deep knowledgemay
be able to design a complete app, while a non-specialized Mechanical
Turk crowd most likely can only provide ideas about the app.
The third force is the process used. Speciﬁcally, the way alternatives
are generated will affect the quality of the ﬁnal ideas [e.g., 27,32,23,40,
41,47,79,80]. And, if ideas become cues for other ideas, the way these
cues are selected will affect the quality of ideas [73,74], as will
the way the crowd is selected [e.g., 29,76] and the way evaluation is
performed [10].Fig. 1. A model of crowd-based search, showing the major categories that affect the
qualities of crowd generated ideas. Alternative generation, the main focus of this study,
is italicized.Together, these forces make up a high level model of crowd-based
search. This model suggests a research program that requires many
studies: each aspect of each force may directly affect idea outcomes, or
may interact with each other. In this paper, the focus will be on process,
and speciﬁcally on the sub-process of alternative generation. Before
the speciﬁcs are explained, the relevant background theories from
evolutionary computation and creativity are discussed.
2.2. Genetic algorithms and human-based genetic algorithms
Genetic algorithms [19,23,36,37,43] are formal models of evolution
in design [46,87,100] based on evolutionary processes seen in natural
evolution. In genetic algorithms, different solutions to a search optimi-
zation problem are treated as genes that evolve toward better ones
through selection and reproduction [e.g., 23,37,43]. The evolution starts
with a population of seeded genes. The ﬁtness of every gene is then
evaluated in each generation. Similar to natural evolution, ﬁtter genes
are more likely to be chosen to produce children. One selection process
is tournament selection: genes are compared randomly in pairs and the
ﬁtter gene in each pair is then selected. Another selection process is
elitism, in which the ﬁttest genes are selected to populate the next
generation [86].
Genetic algorithms breed the next generation of genes through
crossover and mutation. In crossover, two genes are selected as parents
from the previous generation through tournament selection and
features of these two genes get combined. Thus, their child carries traits
from both parents. In mutation, individual features are randomly
altered [85]. Both genetic operators serve to create more diversity in
the next generation based on the genes of the successful parents. In
other words, mutation and crossover generate alternatives. They are
ways of leveraging existing ideas. The initial pool of ideas fed to a genet-
ic algorithm are often generated at random: they constitute the initial
population [23].
While genetic algorithms were designed for computers, they have
been adopted and performed by people [58,70,71,102]. By directing
the functions of genetic algorithms to humans [36,58], human-based
genetic algorithms make it possible for information systems to be suc-
cessful in areas that were considered the exclusive domain of human
expertise – in particular, creative design [58,71,102]. In the idea evolu-
tion process, a human-based genetic algorithm uses both human evalu-
ation and human ability to explore the space of possible ideas [19,58,71,
103]. That is, the crowd searches for creative ideas, employing three
techniques – creating ideas for the initial population, modifying ideas,
or combining two ideas.
2.3. Alternative generation from the creativity literature
These three techniques are also discussed in the creativity literature.
Speciﬁcally, research on design and brainstorming suggests three alter-
native generation techniques for producing creative ideas [5,11,27,31,
57]: ideas can be generated from scratch (greenﬁeld ideas); single
ideas can be presented for modiﬁcation; or multiple ideas can be
presented for combination [96]. Combination and modiﬁcation have
also been discussed in the innovation literature [e.g., [27,32,33,40,41,
47,79,80]]. These three ways of generating ideas are now described in
detail.
2.3.1. Greenﬁeld
Generating ideas from scratch produces a diverse population [33].
On the onehand, since there are no prior ideas to ﬁxate on, independent
thinking can make ideas creative – that is, ideas both original and
practical [42]. On the other hand, without building on previous ideas,
especially from others, designers who lack sufﬁcient prior knowledge
and the ability to acquire, store, transform and use this knowledge can
perform poorly in generating creative ideas [6,15,33,91,101]. These
Table 1
Summary of alternative generation techniques.
Greenﬁeld Combination Modiﬁcation
Pros Provides fresh ideas [33,42] Integrates separate ideas [21,33]. Improves ideas [25,27].
Cons Ideas may be dependent on individuals’ expertise [e.g., 6] Ideas may be less feasible and less practical [e.g., 20,21]. Ideas may be less original [e.g., 15,49].
30 J. Ren et al. / Decision Support Systems 65 (2014) 28–39studies suggest that greenﬁeld ideas are highly contingent on the
designer's expertise.
2.3.2. Combination
Combination helps generate creative ideas [e.g., 34,40,47,80],
especially original ideas [33]. Idea combination triggers divergent think-
ing that explores many possible solutions [95]. Studies of conceptual
combination describe a similar process: to bridge two separate
concepts, people ﬁrst activate the concepts (nodes) in their semantic
network; if the concepts have no local bridge, the activation spreads fur-
ther to search more deeply in the network, leading to many unfamiliar
combinations [21]. These new and unexplored combinations are usually
original and radical [33], and consequently, novel properties emerge
[40,47,53,80]. For example, a novel property, such as “sharp front ap-
pendages used for digging holes in trees to bury nuts”, emerges from
the combination of “hatchet” and “squirrel” [32, p. 77]. From candle
and electricity came Edison's invention of the light bulb [97]. These
studies suggest combination helps designers generate original ideas, be-
cause they are searching in places they may not have searched
otherwise.
However novel ideas tend to be difﬁcult to adopt because deep
knowledge is required to recognize and appreciate them [20,25]. It
may be that there is no clear point of contact in the adopter's semantic
web of concepts – that is, no bridging association. Even if there are
several such bridges, evaluating each requires energy. This suggests
combination, even though it might be a source of original ideas, might
produce ideas less acceptable to the end consumer, and hence less
feasible and less practical.
2.3.3. Modiﬁcation
Modiﬁcation, by contrast, may produce ideas that are high in practi-
cality [e.g., 27,41,79]. Modifying ideas helps generate incremental ideas
that are easy to adopt [25]. Speciﬁcally, modiﬁcation helps narrow
down the focus of the outcome [15]. People search locally through
their accessible knowledge stores in order to modify ideas: they replace
or reconﬁgure one element relative to others at a time [22,33,99]. As a
result, errors are corrected and good features in the old ideas are select-
ed to remain, making the resulting idea incrementally better [27,33,41,
79] and ready for implementation [25].
Yet this process of idea modiﬁcation can also constrain individuals:
designers ﬁxate, unable to move away from their previous ideas [15].
Originalitymay suffer [49]. This evidence in sum suggests thatmodiﬁca-
tionwill yield practical ideas, but ideas that may not be original. Table 1
summarizes these ideas.
2.4. Crowd-based alternative generation
The counterparts of these three kinds of alternative generation
techniques can be found in the genetic algorithms literature [1,23,37,
65]. Designing from scratch– greenﬁeld alternative generation – is anal-
ogous to seeding independent solutions into genetic algorithms. Modi-
ﬁcation is analogous to the genetic operator of mutation. CombinationTable 2
Hypotheses.
H1 (Ad Divergence) Ads generated from the combination system are more divergent than those f
H2 (Ad Relevance) Ads generated from the modiﬁcation system are more relevant than those fr
H3 (Ad Effectiveness) Ads generated from the modiﬁcation system are more effective than those fris analogous to the genetic operator of crossover. In the ﬁeld of genetic
algorithms, much work has been conducted in order to understand
the relative virtues of mutation and crossover. Both can be effective,
but some problems are more suited to one technique than the other
[23,85]. Speciﬁcally, problems in ﬁtness landscapes that are rugged
[52,64] may beneﬁt more from mutation, and those in smoother land-
scapes from crossover [30]. Recent research suggests that recombina-
tion works best when populations are diverse, but can lower diversity
over generations unless both mutation and combination are combined
[61]. Since research with computational algorithms have yielded useful
insights in comparing crossover andmutation, it is sensible to ask if ex-
periments performed with human-based algorithms might also yield
valuable insights into the merits of different alternative generation
techniques.While we have shown a close analogy between the compu-
tationally based and the human based techniques, there are differences
that justify empirical testing. Humans generate ideas from scratch, or
modify ideas, or combine ideas based on the experiences of a lifetime,
and these experiences are difﬁcult to ignore. By contrast, machines
can be programmed to ignore everything but the data presented. Even
though evolutionary computing presents us with an operationalized
model of alternative generation, its ﬁndings may not hold. Because of
this, we propose hypotheses that are suggested by both the theories of
evolutionary computing and those of creativity research. The hypothe-
ses below focus speciﬁcally on the relative merits of the different
forms of alternative generationwhile holding the other factors constant.3. Hypotheses
The greenﬁeld system allows participants to generate ideas
independently and from scratch. On the one hand, such a system is
not as susceptible to ﬁxation as the other proposed systems, because
participants will not see previous results that might inﬂuence future
thinking. On the other hand, participants will not have the advantage
of seeing previous results that cue associations that lead to novelty,
nor will participants beneﬁt from a review process that corrects errors
and thereby increases practicality [6,15,33,91,101].
By contrast, both the modiﬁcation and combination systems allow
people to build on each other's ideas. In addition, these systems also
allow for idea selection techniques that eliminate poor ideas and retain
good ideas. Thus, even if people initially produce very poor ideas, these
ideas are unlikely to remain in subsequent generations. Therefore, we
expect the resulting ideas using either modiﬁcation or combination
will bemore creative – original and practical – than the ideas generated
from the greenﬁeld system [23,35,37,43].
In addition, prior studies suggest that ideas generated from combi-
nation tend to be more original and less practical; on the other hand,
modiﬁed ideas are incremental innovations, practical but maybe not
original. Thus, among these three systems, we expect the combination
system will generate more original ideas than the modiﬁcation system.
In generating practical ideas, however, the modiﬁcation system will
perform better than the combination system.rom the modiﬁcation system, which are more divergent than those from the greenﬁeld system.
om the combination system, which are more relevant than those from the greenﬁeld system.
om the combination system, which are more effective than those from the greenﬁeld system.
Fig. 2. a. The combination system. Vertical lines indicate ideas retain through elitism; solid lines indicate combination. Fig. 2b. Themodiﬁcation system. Dashed lines indicatemodiﬁcation.
1 SVG-edit is a Web-based, Javascript-driven SVG editor under the MIT license, and the
current version is available at https://code.google.com/p/svg-edit/.
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on the three creativity dimensions: ad divergence, ad relevance and ad
effectiveness [e.g., 13,14,39,83,84,88,90]. In the marketing literature,
originality is referred to as ad divergence [e.g., 13,14]. Practicality is
expressed along two dimensions. Ad relevance is the extent to which
ads are useful and relevant to consumers. Ad effectiveness is the extent
to which an ad achieves its goal [e.g., 39,83,84,90]. The hypotheses
that we test in the domain of ads are the following (See Table 2).
4. Apparatus
In order to test these hypotheses,we designed three idea-generation
systems in which individuals in the crowd modify or combine each
other's ideas or generate ideas from scratch. Every idea is evaluated on
the dimensions of creativity as a measure of ﬁtness, and based on
these evaluations we use both tournament selection and elitism to
select which ideas to retain in the idea pool for combination and
modiﬁcation. Tournament selection compares ideas in pairs and selects
the winning one, which ensures that bad ideas are removed from the
idea pool; and elitism, on the other hand, selects the top ideas, which
ensures that good ideas remain.
Fig. 2a shows the combination system. In each generation, two ideas
are selected as parents to be combined by tournament selection; at the
same time, a set of strongest ideas propagates to the next generation
through elitism. Fig. 2b shows the modiﬁcation system, where ideas
are chosen through tournament selection to be modiﬁed while elitism
causes the strongest ideas to remain in the next generation. In addition,
in order to test whether or not individuals in the crowd generate more
creative ideas interactively than independently, we also compare the
ﬁnal ideas from these two systems with the greenﬁeld system, in
which a set of ideas are generated without reference to previous ideas.
These systems are used to generate advertisements. This domain
was selected for four reasons. First, individuals in the crowd see ads
every day and they probably have accumulated domain-relevant
knowledge, one of the components of creativity [5]. Moreover, these
individuals are also customers and they arguably have knowledge
about what ad attracts them [e.g., 17]. Second, the systems can develop
advertisements from ideation to production. With the proper tools,
crowd members could learn to function not only as idea generators,
but as user innovators [89,92,93]. Moreover, advertisement design has
been used before in creativity studies: it is ﬁeld that rewards both
originality and practicality [26]. Third, while at least one system hasused computer-based genetic algorithms to produce ads [44], to the
best of our knowledge, no human-based genetic algorithm has been
used for this purpose. Fourth, the domain of advertisement design is dis-
tinct from the domains explored in previous human based evolutionary
algorithm experiments [58,103], and thus may provide new insights
into the domain applicability of such algorithms.5. An experiment on Amazon mechanical turk
We used the design of Facebook ads to test the three systems and
these hypotheses. Participants were asked to design ads for a Facebook
game in which players can customize rock paper scissors and invite
their friends to play the variants. Facebook ads require a title with a
25-character limit, a text with a 135-character limit and an image
(110 pixels wide and 80 pixels tall).5.1. Stimulus-set Construction: the Greenﬁeld System, the Combination
System and the Modiﬁcation System
We provided the participants with a set of Facebook ad generation
tools that we developed, shown in Figs. 3–5. In our experiment, before
asking participants to create an ad, we described a new Rock-Paper-
Scissors Facebook game, and speciﬁed the tasks corresponding to the
three different systems. For example, in the greenﬁeld system, the
prompt was: “We have developed a new Rock-Paper-Scissors Facebook
Game inwhich you can invent new rules of the game. So that it is no lon-
ger Rock-Paper-Scissors, but instead is something like Cat-Bird-Flea…or
some other combination. Your task is to design a Facebook advertise-
ment for this game. To design the ad, you need to create a title, a text
body and an image. The winning ad will be displayed on Facebook. So
please make sure that you are creating an original ad.” Across the
three systems, we kept the introductions consistent and elaborated
the tasks of alternative generation differently based on these systems.
Figs. 3–5 illustrate the tasks of alternative generation shown to par-
ticipants in the experiment. In the greenﬁeld system participants were
asked to create a Facebook ad from scratch with a title and a text
(Fig. 3). They also were required to draw an image for the Facebook
ad they were creating. For that, a drawing tools based on SVG-edit1
Fig. 3. The greenﬁeld system. This interface was also used in the initial stage in the combination and modiﬁcation systems to generate the seed ads.
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and several shapes, such as rectangles and circles.
The combination system (Fig. 2a) has three ad generation stages:
greenﬁeld, combination and combination. In between these stages are
three ad evaluation stages where both tournament selection and elitism
were used. In the ﬁrst stage (greenﬁeld), Facebook ads were generated
from scratch using the system shown in Fig. 3. These same ads were
used in the ﬁrst stage in the modiﬁcation system. By doing this, we
could compare the outputs of these two systems (combination versus
modiﬁcation) while controlling the seed population. In the combination
stages, each participant was asked to combine two of the selected
Facebook ads (Fig. 4). In order to make sure that participants were
truly combining ads and the combination condition was distinct from
the greenﬁeld and modiﬁcation conditions, we forced participants to
select at least a portion of elements from both parent ads. Speciﬁcally,
to combine titles, each participant was asked to select at least 10% of
words from each title to combine the two titles into one; to combine
the two texts, each participant was required to select at least 10% of
words from each text as well. Each participant was required to keep
10% of the content from each parent. The same drawing tools for
participants were provided for combining the two images with the
addition of a new feature. The images of the two Facebook ads were bro-
ken down into elements (shown on the right side of the canvas in Fig. 4);
participants could select the elements from each image and click these
elements to import them directly onto the canvas without redrawing
them.
In themodiﬁcation system (Fig. 2b), similarly, there were three ide-
ation stages in this sequence: greenﬁeld, followed by two modiﬁcationstages. In between each of the three ideation stages was an ad evalua-
tion stage (Fig. 2b). In the modiﬁcation stages, the participants were
ﬁrst offered a Facebook ad created by others and then required to use
10% of words from the title of this ad as well as at least 10% of words
from the text (Fig. 5). Using the assistance tools on the canvas, partici-
pants could also modify the image of this ad directly (Fig. 5). This way,
we insured that participants were truly modifying ads.
5.2. Measuring ad creativity
To measure ad creativity, we asked for preferences along three
dimensions: ad divergence, ad relevance and ad effectiveness. In order
to rank the ads within the combination and modiﬁcation system, a pre-
requisite for tournament selection, we measured ad creativity with a
ﬁve-point Likert scale rating. To compare across the three systems and
determine which system produced better ads, we used a preference
evaluation method based on pair-wise comparisons. This method,
called a wiki-survey, takes advantage of the normally skewed distribu-
tion of online participation, and has been employed to evaluate
crowd-based creative search in realistic settings [77,78].
5.2.1. The ad creativity questionnaire
To evaluate ad divergence and ad relevance, we borrowed Smith
et al. (2007)'s measurement scale, which is designed tomeasure ad cre-
ativity, but not speciﬁcally for online ads [83]. Since the factor loadings
for measurement items are similar in this scale we chose those items
that could be applied to the online ads in our experiment (Table 3).
The factor loadings for these items are high (ranging from 0.79 to
Fig. 4. Two ideation stages in the combination system.
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surement scale doesn't include items to measure ad effectiveness, so
four itemswere designed tomeasure this dimension. Since ad effective-
ness has been linked with an ad's impact on customers' behaviors
[90,98], we asked participants for their intended actions toward the
game after they see the ad. Moreover, we asked participants to answer
from two perspectives – self and others – to compensate for the possi-
bility that their self-reports may be inﬂated [12] (see Table 3).
We validated the measurement scale for ad effectiveness. In a
separate test, we asked 100 subjects from Mechanical Turk2 to rate 20
greenﬁeld ads (5 subjects rated 1 ad) using this scale and then we ran
principal component analysis on the ratings. Based on the scree test,
two factors were identiﬁedwith two items loaded on “self-perspective”
(0.96 and 0.94) and two items loaded on “others' perspective” (0.75 and
0.84).
In sum,we created the ad creativity questionnairewith three dimen-
sions and eleven items. Each item is measured on a ﬁve-point Likert
scale (with 1 as strongly disagree and 5 as strongly agree). We asked
participants to indicate to what degree they agree with the statements.
To ensure that participants pay attention, for each statement, we creat-
ed both positive and negative sentences and then randomly selected
one sentence from these two in the rating phases of the experiment
(Table 3). For example, to measure originality, every time a participant
rated an ad we randomly selected one sentence between “the ad is
out of the ordinary” and “the ad is not out of the ordinary”. In addition,2 Mechanical Turk is a crowdsourcing marketplace, www.mturk.com. Mturk workers
from around the world perform tasks in return for money.these rating questionswere prefacedwith the statement “many of these
adswill be run on Facebook. If your rating of the ad is accuratewithin 5%
of its actual performance on Facebook, you will receive a bonus of $5.”
Each ad was rated 5 times by 5 separate participants in order to reduce
the effects of individual bias.
5.2.2. Ad evaluation across the systems
In evaluating the ads across systems using pair comparison, three
questions (Table 4) were selected from the ad creativity measurement
scale (Table 3) tomeasure ad divergence, ad relevance and ad effective-
ness. The questionnaire was kept short because previous work has
shown that if the questionnaire is lengthy the crowd evaluators may
lose focus and this in turn can affect the reliability of ratings [77,78,
10]. Originality and ad-to-consumer effectiveness (self perspective)
questionswere selected that had the highest factor loadings for their re-
spective ad dimensions. We also selected an ad-to-consumer relevance
question over a brand-to-consumer relevance question. Each ad pair
was compared 5 times.
6. Sampling and data collection
To test three systems and compare end ads from these systems, we
conducted an experiment on Mechanical Turk (Mturk). Our pool of
participants consisted of 2220 participants located in the U.S., mainly
novices in copywriting and graphic design, between 18 and 61 years
of age (average 26.02 years old), consistent with demographic results
from other studies [55,76]. The participants were United States based
Turkers who had approval rates, as tabulated by Amazon, higher than
95%. Some participants were assigned tasks to create, combine or
Fig. 5. Two ideation stages in the modiﬁcation system.
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Participantswere randomly assigned to the three alternative generation
conditions, and all three conditions ran simultaneously.Table 3
The ad evaluation questions.
Ad divergence
Item Statements
Originality “This ad is out of the ordinary ” or “T
Flexibility “This ad contains different ideas.” or
Synthesis “This ad brings unusual items togeth
Elaboration “This ad contains more details than
Artistic Value “This ad is artistically produced.” or
Ad relevance
Item Statements
Ad-to-consumer relevance “This ad is appropriate to me.” or “T




(self perspective) “I will click this Facebook ad in the f
Brand-to-consumer effectiveness
(self perspective) “I will play this Facebook game in th
Ad-to-consumer effectiveness
(others' perspective) “Other people will click this Faceboo
Brand-to-consumer effectiveness
(others' perspective) “Other people will play this Faceboo
1We used this negative sentence to measure this item to preserve consistency with the originaOverall, 120 participants created Facebook ads in this experiment.
Speciﬁcally, 20 participants used the greenﬁeld system, 100 used either
the combination system or the modiﬁcation system. Among these 100his ad is not out of the ordinary.”
“This ad does not contain different ideas.”
er.” or “This ad does not bring unusual items together.”
expected.” or “This ad does not contain more details than expected.”
“This ad is not artistically produced.”
his ad is not appropriate to me.”
ame.” 1
uture.” or “I will not click this Facebook ad in the future.”
e future.” or “I will not play this Facebook game in the future.”
k ad in the future.” or “Other people will not click this Facebook ad in the future.”
k game in the future.” or “Other people will not play this Facebook game in the future.”
l negative item in Smith et al. (2007)'s ad creativity measurement scale [83].
Table 4
Preference elicitation through voting on pair-wise comparisons.
Ad divergence
Item Questions
Originality “Out of the two following ads, which one do you think is more “out of the ordinary”? ”
Ad relevance
Item Questions
Ad-to-consumer relevance “Out of the two following ads, which one is more appropriate to you?”
Ad effectiveness
Item Questions
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seed ideas in the combination and modiﬁcation systems. In other
words, both systems share the initial 20 greenﬁeld ideas. Subsequently,
40 subjects used the combination system and 40 used the modiﬁcation
system.
Also, 2100 subjects answered the rating questions. Among these
subjects, 300 rated ads on the ﬁve-point Likert scale (Table 3) that
were used within each system and 1800 compared two ads on one ad
creativity dimension from different systems. To create an ad, either
from scratch, combination or modiﬁcation, we paid each Turker $2 to
work for up to 30 minutes; and to evaluate ads, we paid 20 cents for
up to 10 minutes.
To test the nine hypotheses, we ran the systems for three genera-
tions. Parallel with the third generation, we ran the greenﬁeld system.
The following sections describe the allocation of ideas per system in
detail.
6.1. Generation 1 in the combination and modiﬁcation systems
Twenty Turkers created 20 Facebook ads from scratch to seed both
systems. Another 100 Turkers evaluated these ads on a ﬁve-point Likert
scale (See Table 2). Since each ad's ratings had three dimensions, These
20 adswere ranked usingnon-dominated sorting, a technique that ﬁnds
a series of Pareto-optimal fronts [23] 3.
6.2. Generation 2 in the combination and modiﬁcation systems
Since elitism counterbalances the disruptive effects of combination
and modiﬁcation, but also can blur the distinction between systems,
we promoted 10% of designs in stage 2 and 3 (see [23] for elitism
norms in genetic algorithms). Thus, in stage 2, we kept 2 top-ranked
ads out of 20 ads from generation 1 through elitism and selected 9
pairs of ads based on tournament selection. In the combination system,
18 Turkers were asked to combine these 9 pairs and each pair was com-
bined twice, while in themodiﬁcation system, 18 Turkerswere assigned
to modify these 18 ads. As a result, in stage 2, combination produced 20
ads, 18 of which were created by combination and 2 of which selected
from the top ads in stage 1, and modiﬁcation generated 20 ads, 18 of
which were modiﬁed and 2 of which were the top 2 ads from stage 1.
Another 200 Turkers evaluated the 40 ads generated from combination
and modiﬁcation using the measurement scale in Table 3 as well. All 40
ads were then ranked using non-dominated sorting.
6.3. Generation 3 in the combination andmodiﬁcation systems and the only
generation for the greenﬁeld system
Stage 3 repeated the steps in stage 2, in either the combination or
modiﬁcation system drawing from the 20 ads in the selected pool to
generate another 20 ads. At the same time, in the greenﬁeld system3 Fronts are established byﬁnding sets of designs that are better than other setswith re-
spect to all criteria. The set which dominates all other sets is on Pareto-optimal front. The
algorithm is described in detail by Deb (2000) [24].20 Turkers were asked to create 20 ads from scratch. Thus, in the end,
60 Turkers generated 60 ads in the three systems. The preference eval-
uation method based on pair-wise comparisons was used to compare
ads across the three systems (See Table 3). Itwasnot feasible to evaluate
all possible pairs, so a subset was selected at random: 40 pairs of ads
were selected at random in the combination and modiﬁcation systems,
40 in the combination and greenﬁeld systems, and 40 in the modiﬁca-
tion and greenﬁeld systems. A separate group of Turkers then compared
ads in pairs and voted for one of the two ads based on one of the three
questions in Table 4. Speciﬁcally, 5 different Turkers compared each of
the 120 pairs on one ad creativity dimension.
7. Results
On each dimension of ad creativity, 600 votes in total were received
using the measurement scale in Table 4. As shown in Fig. 6, proportion
tests were run to examine the voting difference between systems.
The ad divergence hypothesis was not supported. On the ad diver-
gence dimension, themodiﬁcation system received 37% of votes, signif-
icantly more than the combination system (30%). But the modiﬁcation
system didn't outperform the greenﬁeld system, which received 33%
of votes. In addition, the difference in the number of votes between
the combination system and the greenﬁeld system was not signiﬁcant
for ad divergence (30% vs. 33% out of 600 votes).
The ad relevance hypothesis was partially supported (See Fig. 6).
Consistent with our prediction, on the ad relevance dimension, the
modiﬁcation system received 47% of votes. This proportion was signiﬁ-
cantly higher than what the greenﬁeld and combination system
received (29% and 25%).However, the combination systemdidn't signif-
icantly outperform the greenﬁeld system on this dimension (29% vs.
25%)
The ad effectiveness hypothesis was partially supported (See Fig. 6).
As expected, the modiﬁcation system outperformed the other two on
this dimension (42% for the modiﬁcation system vs. 31% for the combi-
nation system vs. 27% for the greenﬁeld system). Inconsistent with ourAd Divergence Ad Relevance Ad Effectiveness
Fig. 6. Results. Note: * p b 0.05, ** p b 0.01; Error bars represent 95% conﬁdence intervals.
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of votes from the combination system and the greenﬁeld system (31%
vs. 27%).
8. Discussion
Our ﬁndings show that in the domain of ad design, the modiﬁcation
system performed the best in generating divergent, relevant and effec-
tive ads. We expected that the modiﬁcation system would generate
the most relevant and effective ads, and we expected that it would be
better than greenﬁeld along all dimensions. We did not expect it to be
better than combination with respect to generating divergent ads. We
also did not expect greenﬁeld to do as well as combination along all
three dimensions.
One possible explanation for the unexpected ﬁndings is the domain.
What is different about the ad generation domain from other domains
that have been studied to date? Many of the design domains studied
to date involve physical objects. These objects, in many cases, can be
combined by simply cutting part of one and attaching it to another.
For example, work on combining designs using computers studied
chairs, tables, aircraft, and ships [50]. Work combining designs using
the crowd studied chairs [102] and clocks [103]. In many cases, there
is an obvious way to combine physical objects of the same type. But,
there is often no obvious way to combine two advertisements. Ads are
based on concepts, and concepts are not modular in the same way
physical objects are. Thus combination may be difﬁcult.
By contrast, ads can usually beneﬁt from modiﬁcation. Consistent
with work on creativity [27,41,79], modiﬁcation helped generate better
ads in three ways. First, good elements of a design propagated. For
example, the three animal shapes in the image of the initial ad also
occurred in ads in generations 2 and 3 (See Ad 1 in Table 5). Second,
new elements were added. Table 5 (Ad 1) shows that in generation 2,
a boxing ringwas added to the image of the initial ad, vividly expressing
the concept of competition. Third, errors were corrected. An example is
ad 2 in Table 5. Whenmodifying an ad, a participant corrected the error
made by another participant: the letters of “C” and “A” were put back
into the frame. These edits reﬁned the ads, making themmore effective.
From these results, we conjecture that the effectiveness of combina-
tion will be contingent on the domain. For example, physical domains,
such the design of furniture, will be conducive to combination,
but more abstract domains, such as the design of ads, will not be as
conducive. This conjecture is consistent with work in genetic
algorithms, in which domains with smooth ﬁtness landscapes are
more conducive to combination than those with rugged landscapesTable 5
Evolution of ads in the modiﬁcation system.
Generation 1 Generation 2
Ad 1
Ad 2[30]. As these techniques are used more often, and more research is
performed, it is possible that a body of knowledge will accumulate
that makes it possible to predict, for particular evaluation criteria in a
particular domain, which techniques will be most effective.
For practitioners designing crowd-based systems, this study, in
combination with previous studies, suggests the following. Many cur-
rent forms of crowd work today are greenﬁeld processes. For example,
contests inwhich crowdmembers submit designs in order towin prizes
by their nature encourage many independent efforts. These greenﬁeld
processes work by searching large design spaces in parallel, generating
a diversity of ideas. Once the ideas are generated, the techniques of
modiﬁcation and combination should be considered to further improve
the ideas. In some domains, such as those that involve the design of
physical products, the use of combination has been shown effective at
improving the quality of ideas [102,103]. In the domain studied here –
ad design –modiﬁcation, but not combination, was effective at improv-
ing quality. For new domains, a starting workﬂow might involve a
greenﬁeld process to seed a set of ideas, and then amixture of modiﬁca-
tion and combination processes to improve the ideas. As results are
evaluated, the ratio of modiﬁcation and combination might be adjusted
to more quickly yield designs of interest. In this way, practitioners may
utilize one of themain affordances of crowd-basedwork – the ability to
create ﬂexible work processes, and adjust these processes as results
emerge.
9. Limitations and challenges
In the experiment of this study, we forced crowdmembers to select
at least some elements (10%) from parent ads to make sure that they
were truly combining or modifying ads. However, in most creative set-
tings, no such forcing will normally take place. It will be important to
observe more natural instances of modiﬁcation and recombination.
For example, in some remixing communities, members choose to
generate afresh, modify, or combine ideas [60]. The outcomes of these
strategies in natural settings might be compared with the outcomes
from experiments.
A challenge is posed by the lack of expertise of the crowd. By deﬁni-
tion, crowds usually do not have expert-level skill in the task they are
performing. But in a domain such as advertising design, it may take
many years to acquire skills related to copywriting and illustration.
Moreover, an illustrator and a copywriter might both be employed to
generate an advertisement. This study has shown that modiﬁcation
can increase the quality of crowd ads, but not that crowd ads can
surpass the quality of expert ads. While experiments will doubtlessGeneration 3
NA
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mains in which crowds can surpass experts (see, for example, [72]),
there is another possible direction for future research: designing
systems, that, through practice and coaching, train the crowd, so that
expertise develops as work is performed [28]. Alternatively, crowds
can be used together with experts and machines, with each performing
the task they are most suited to [69].
10. Conclusions
Three forces can inﬂuence a crowd-based search – the domain, the
actors, and the process. This paper focuses on alternative generation, a
particular sub-process. Using human-based genetic algorithms, we
compared alternative generation processes that involve modiﬁcation
and combination, along with a control process in which ideas were
generated independently. The crowd applied these different techniques
to the design of advertisements. For this particular problem, with this
particular crowd, modiﬁcation produced better results than the other
two techniques.
We think these results should be interpreted cautiously, as initial
steps toward a greater understanding of crowd-based search. Only a
handful of empirical studies of this sort have been performed, and
there are many more studies needed. In another area with a longer
history, computer-based genetic algorithms, results suggest that the
method of combining, the nature of the ﬁtness landscape, the ratio of
modiﬁcation to recombination, and the size of the starting population
all play a role in the success of a search. Moreover, crowd-based search
introduces other factors. When performing modiﬁcation or combina-
tion, people, unlike machines, may decide according to context how
much of an idea to modify, how much to combine.
Considering this and previous studies, we think that all three alter-
native generation strategies will end up being useful components of
crowd-based search. Some strategies will work better for particular do-
mains than others, and mixtures may do better than pure strategies.
This paper has suggested a general model for investigating crowd-
based search, and applied it through an experiment in which the
crowd generated advertisements. The results underscore the need for
more experiments and more observational studies. As a community,
we are just beginning to map out the territory of crowd-based search
by trying different techniques in different domains. Continued explora-
tion may help us gain an understanding of how crowds can best be
organized to search design space, to create and innovate.
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